I. INTRODUCTION
Organoid platforms have been developed to create miniaturized structures of various organs in 3D in vitro culture conditions [1] [2] [3] [4] . Organoids are widely applied to stem cell studies [1, 5] and disease modeling [6] [7] [8] [9] [10] [11] . In colorectal tumor organoids, it has been shown that 90% of genetic mutations from patient tumors are still maintained in tumor organoids, suggesting the robustness of modeling tumor mutations [12] . Therefore, tumor organoids are starting to be broadly applied for clinical applications [6, 13, 14] .
Tumor heterogeneity is widely observed in many cancer types, and is considered a major reason for relapse and refractory cancer after chemotherapy [15] [16] [17] [18] [19] . However, it is not clear whether tumor organoids recapitulate and maintain clinical tumor heterogeneity, which is a critical aspect for using organoids as cancer models.
To address this important question, we used Drop-Seq [20] to profile transcriptomics of single cells in organoids derived from human colorectal tumors (Fig. 1) , and applied machine learning methods to unbiasedly classify subtypes within tumor organoids. The single-cell analysis suggests heterogeneity is still well maintained in organoids and showing high diversity. Next, we treated organoids with Oxaliplatin, a first-line colorectal cancer drug. Single-cell analysis revealed varying responses to drug treatment from different organoid subpopulations.
II. MATERIAL AND METHODS

A. Human Colorectal Tumor Organoids
Early stage (stage I) primary human CRC tumors (previously untreated with chemotherapy agents) surgically resected during biopsies were used for this study and informed consent was obtained from each patient. Approval for this research protocol was obtained from IRB committees at Weill Cornell Medical College and NY Presbyterian Hospital. Cancer cells derived from a CRC patient were cultured in matrigel following the protocol developed by Sato et al. [21] . Tumors were washed, stripped, and chopped into 5 mm pieces. Tissue fragments were incubated with digestion buffer. Isolated intestinal fragments were embedded in matrigel and seed in 48-well plates. Organoids were cultured for approximately 14 days prior to harvesting and sequencing. Drug treatments were administered to organoid cell culture for approximately 48 hours prior to harvesting. [22] .
B. Single-Cell RNA-Seq
Published protocol of Drop-Seq [20] was followed for library preparation. Briefly, we followed the steps (1) suspended the organoid cells into single cells, (2) the isolated cells in droplets, (4) captured STEMPs (single-cell transcriptomes attached to microparticles), (5) performed reverse transcription and PCR amplification to construct sequencing library, and (6) sequencing the cDNA library.
C. Computational Analysis
The sequencing reads were processed following the pipeline developed by the McCarroll lab: 1. Tag cell and molecular barcodes, 2. trim 5' adaptors and 3' polyA sequence, and 3. aligned the reads to hg19 reference genome. Cells and genes with low total number of reads are filtered out. Read counts are normalized using TMM (Trimmed Mean of M-values) in EdgeR package [23] . t-Distributed Stochastic Embedding (t-SNE) [24] , a nonlinear dimension reduction method, was applied to visualize single-cell transcriptomics on 2D space. Unbiased clustering was done by applying Density-based spatial clustering of applications with noise (DBSCAN) [25] . Heatmaply in R were used to visualize the heatmaps of gene signatures and pathway signatures.
D. Pathway Analysis
We performed pathway analyses on the abundant genes identified in individual clusters from single-cell transcriptomics using pathway analysis function in EdgeR. Top 100 genes with most abundant mean expression in each cluster were selected for gene set enrichment analysis based on Gene Ontology (GO) and Kyoto Encyclopedia of Genes Genomes (KEGG) [26] (p-value <0.05).
III. RESULTS
A. Heterogeneity in Tumor Organoids
By using Drop-Seq, we captured ~1,500 tumor cells from organoids in normal condition with abundant sequencing reads detected. t-SNE algorithm was performed to convert high dimensionality of transcriptomic in single cells to 2D space for data visualization (Fig. 2) . t-SNE is a machine learning algorithm that performs nonlinear dimensionality reduction based on probability distribution, and it has been applied to many scientific and engineering fields, including single cell analysis [27] . In addition, unbiased clustering algorithm, DBSCAN, was applied to t-SNE analysis to cluster the subtypes within tumor organoids (Fig. 2) . Around ~30 clusters are identified robustly with permutations of perplexities and iterations of t-SNE analysis. These clusters show distinct spatial distribution on the t-SNE map, and display highly diverse expression patterns (Fig. 3) . Some of the cell clusters show abundant gene expressions in majority of gene groups (e.g. cluster c1: the top row in Fig. 3 ), while some other clusters show enriched gene expressions only in very specific gene groups (e.g. cluster c28: the lowest row in Fig. 3 ). Combing these results, tumor organoids maintain cell heterogeneity, and these subtypes display highly diversified transcriptomic patterns.
B. Pathway Signatures of Subtypes in Organoids
To find out transcriptomic signatures in each cluster, we ran pathway enrichment analysis based on Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Fig. 4) . Top 5 most enriched GOs or KEGG pathways in each cluster were collected for pathway signature analysis. In these analysis, there are some pathways highly enriched in most of the subtypes (e.g. GO:002226: GO:0016259, GO:0006614, GO:0006613, hsa03010). These pathways are related to ribosome, co-translational protein targeting to membrane, and mRNA catabolic process, etc. In addition, there are numerous GOs or KEGG pathways only enriched in specific clusters. For example, glycolysis/gluconeognesis (hsa00010), fructose and mannose metabolism (hsa00051), and non-homologous end-joining (hsa0003450) are uniquely enriched in cluster c11, c13, and c8 respectively. The patterns of enriched pathways in the subtypes are also highly diverse, which is consistent with previous t-SNE and gene signature analysis, suggesting the heterogeneity in the level of gene sets and pathways.
C. Oxaliplatin treatment perturbs the subtypes in tumor organoids
We next added a chemotherapy drug, Oxaliplatin, to tumor organoids and performed single cell analysis consistently to compare the single-cell transcriptomics and tumor cell populations in response to Oxaliplatin. In the t-SNE analysis, we combined the tumor organoids in normal condition (Fig. 2 ) and tumor organoids with Oxaliplatin treatment (Fig. 5) . The distribution of single cells with Oxaliplatin treatment is roughly consistent with the distribution in control condition, but the diversity of subtypes is greatly altered. To quantify the diversity alteration, we calculated cell percentage in each cluster and compared it between normal condition and Oxaliplatin treatment (Fig. 5) . With Oxaliplatin treatment, there were 8 subtypes (c10, c12, c14, c16, c17, c18, c20, c23) completely depleted and 4 newly emerging populations (c29, c30, c31, and c32). In addition, the ratios of two major populations (c3 and c4) in normal condition were significantly reduced by Oxaliplatin treatment, and c2 becomes the single dominating population.
The ratios of cell percentage between normal condition and Oxaliplatin treatment were calculated to quantify the alteration of organoid heterogeneity (Fig. 6) . These clusters were grouped into four types corresponding to the cell percentage alterations: 1. Drug induced group (c29, c30, c31, and c32), 2. Drug insensitive group (c2, c5, c6, c7, c13, c22, c21, c24, c27, and c28), 3. Drug sensitive group (c1, c3, c4, c8, c9, c11, c15, c19, c25, and c26), and 4. Drug ultrasensitive group (c10, c12, c14, c16, c17, c18, c20, c23). Drug induced groups includes the subtypes only appear after Oxaliplatin treatment, while Drug ultrasensitive are subtypes completely depleted by Oxaliplatin. In addition, Drug insensitive group consists of 10 clusters showing increasing cell percentages after drug treatment, and drug sensitive group consists of the other 10 groups showing decreasing cell percentages in response to Oxaliplatin.
IV. DISCUSSION
Tumor organoids display heterogeneous single-cell transcriptomics with highly varying signatures of genes and pathways. Single-cell analysis reveals that drug treatment on tumor organoids causes differential responses in subtypes. We demonstrated a computational approach combining single-cell RNA-Seq, machine learning algorithms, pathway analysis, and signature classifications to characterize the drug responses in heterogeneous tumors using tumor organoids as a drug testing platform.
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